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Abstract 
This study was aimed at modelling and forecasting Engraulicypris sardella (Usipa) 
species yield from artisanal fishery on Lake Malawi in Mangochi District. The study 
was based on secondary count time series data on fish catches during the years of 
1976 through 2012 provided by Fisheries Research Unit of the Department of 
Fisheries in Malawi. The study considered Holt exponential smoothing method to 
select an appropriate stochastic model for forecasting the Usipa species yields. 
Appropriate model was chosen based on Holt‟s exponential parameters α (alpha) 
and β (beta)  Box – Ljung statistics and distribution of residual errors among others 
were estimated. The Holt‟s exponential smoothing method showed that the artisanal 
fishery landings of Usipa would increase to 22,849.4 tonnes in year 2022 which is 
2,135.76 tonnes more than the landings in the year 2010 of 20,713.64 tonnes 
assuming that the biological and ecological factors remain the same. The forecast 
mean for Usipa is predicted to be 22,849.4 tonnes through the year 2022.  The study 
observed that Usipa fisheries is being exploited sustainably. The confidence interval 
of 95% does not include a zero meaning that the likelihood that Usipa fishery might 
be under extinction currently or anytime soon might be very low.  The increase of 




Usipa, could be as a result of a decline in population of competing species in the 
ecosystem. The Usipa Management Strategy for Southeast and Southwest Arms of 
Lake Malawi and Lake Malombe developed by the USAID/FISH Project will ensure 
continued effective and sustainable management of exploitation of the fishery. 
Keywords: Engraulicypris sardella, landings, Holt exponential smoothing method, 
artisanal fishery, Lake Malawi. 
1 INTRODUCTION 
Catch per unit effort (CPUE) has been used for many years to manage data limited 
fisheries such as in Malawi by assessing catch trends for different fish stocks 
(Maunder et al., 2006; Bordalo-Machado, 2006; Lazaro & Jere, 2013). However, 
over the past years, the use of time series models has been recommended as the best 
in determining both trends and forecasts in other countries (Lazaro & Jere, 2013; 
Tolimieri et. al., 2017; Ryan & Meyer, 2019). Ryan & and Meyer (2019) in 
Austraria successfully employed the time series analysis technique to model and 
predicting catch per unit effort from a multispecies commercial fishery in Port 
Phillip Bay. The time series analysis technique is cheap, provide an indicator of a 
stock (Ryan & Meyer, 2019), easy to interpret, allows a detailed assessment of 
seasonal effects and adequately forecast production trends and seasonal fluctuations 
(Lazaro  &  Jere, 2013). Time series analysis is a well-developed scientific method 
of analysis that has been extensively and successfully used in fisheries studies 
around the world as well as other fields such as econometrics and meteorology 
(Craine, 2005).  
As the fisheries resources in Malawi continue to decline amidst population increase 
and climate change there is a need to enhance our fisheries management strategies to 
be more efficient than before. Literature shows that there are very few attempts to 
model and forecast timeseries fisheries data (landings, effort or CPUE) in Malawi. 
As such fisheries managers and policy makers may not have been provided with 
adequate information regarding the future state of the fisheries resources (Raman, 
2018). The forecasts are very important for policy makers to make informed 
decisions as regards to which fisheries management option will be more appropriate 
for the resources (Coro et. al., 2016). 
It is of paramount importance that the trend of the species of economic importance 
and those becoming important such as Usipa be modelled and forecasted to provide 
a picture of how the fishery will behave in the years to come. Of late catch species 
composition has shifted from large cichlids, catfish, and cyprinids to small pelagic 
species such as Usipa, Kambuzi (Haplochromine species) and Matemba (Barbus 
species) (Torell et al., 2020). Usipa has recently become the dominant fishery in 
Lake Malawi, however, uncertainty exists about short and long -term ecosystem 




responses. The species is currently contributing over 70% of total landings in 
Malawi though not fully managed (Christophe and Damien 2014; Fisheries 
Integration of Society and Habitats ((FISH), 2018). Prediction models are necessary 
for fisheries administrators to foresee in advance the evolution of the resource 
abundance (Berachi, 2003). This is very important for fisheries managers and policy 
makers to device tools to sustainably manage the fishery resources for the benefit of 
the nation. In Malawi fish constitutes about 27% of the total animal protein intake 
(FAO, 2010). However, increasing population, overfishing, dwindling in catches as 
well as rising of real fish prices have reduced per capita fish consumption from 12-
18 kg/person/year in 1970s to 9.4 kg/person/year in 1990, to 5.4 kg/person/year in 
2008 and 5.6 kg/person/year in 2011 (Yaron et al. 2010, GoM, 2012). The decline 
from 14 kg/person/year in 1970s to 5.6 kg in 2011 represent a 60% decrease of per 
capita consumption of fish in Malawi (GoM, 2012). This decline in the fish per 
capita is a serious indicator of a threat of national food security and may have 
serious nutritional implications for the nation more especially the poor, under-five 
children, expectant women, the elderly and those affected or infected by HIV/AIDS.  
Brown (1959 & 1962) and Holt (1960) founded the exponential smoothing 
forecasting methods in the 1950‟with formulation of forecasting models for 
inventory control systems (Fomby, 2008)  Holt‟s exponential smoothing method is 
basically an extension of the Moving Average (MA) process and generate 
forecasting by weighted moving average. The smoothing concept assumes that more 
recent values are more important than oldest values when it comes to forecasting. As 
such Holt‟s exponential smoothing method uses a weighting scheme that has 
decreasing weights as the time series observations become older (Fomby, 2008). 
Kisang-Ryu (2002) reported that in their research which compared different 
forecasting methods, the Holt‟s exponential smoothing method performed better 
than the other forecasting methods by generating better accuracy than moving 
average model (MA), double moving average model (DMA), single exponential 
smoothing method (SES), double exponential smoothing method (DES) and linear 
regression (LR). Taylor (2008) reported also that the overall accuracy of forecasts 
made with the exponential smoothing method are very good hence the forecast of 
Holt‟s exponential smoothing method can be trusted  This is consistent with al-
Salam (2013) who reported that best forecasting model for fish product and supply 
series in Sudan were the Quadratic Trend Model and Winter‟s Exponential 
Smoothing model, respectively. Yugui et al. (2016) reported as well that the single 
exponential smoothing and ARIMA (1, 1, 1) models were best for predicting sea 
cucumber short-term catches, and the predictive powers of both models are good. 
The Holt‟s exponential smoothing method is known to provide very low forecasting 
errors. This is in agreement with Kahforoushan et al. (2010) who reported that Holt-
Winters model had the lowest mean absolute percent error in both model fitting and 




model validation stages when predicting value addition of agricultural subsections 
using artificial neural networks. 
It is for this reason that this study seeks to generate more forecasts on the fish 
landings on Usipa using Holt‟s exponential smoothing method to assist the policy 
makers in strengthening or revisiting the current species management strategies to 
ensure that the stocks are sustainably exploited. 
2 MATERIALS STUDY AREA AND METHODS 
2.1 Usipa Biology 
Lake Malawi has a single biological stock of Usipa (Figure 1) which is a very 
significant cyprinid species in the lake economically and ecologically (Maguza-
Tembo & Palsson, 2004). Usipa is a small shoaling zooplankton feeder which forms 
an important component of the pelagic ecosystem in the lake (Turner, 2004). 
Morioka & Kaunda (2004) reported that growth rate of Usipa in the rainy season 
was greater than 0.70 mm TL per day but less than 0.50 mm TL per day in the dry 
season. Uispa can reach a maximum length of 13 cm TL for adults although most of 
them are less than 10 cm (Eccles, 1992).  
 








2.2 Study area 
This study covered artisanal fishery of Lake Malawi in Mangochi District on all 
seven (7) minor strata namely 2.1, 2.2, 2.3, 2.4, 2.5, 2.6 and 3.1 as shown in Figure 
2.  
 
Figure 2: Map of southern part of Lake Malawi showing all minor strata 2.1 to 3.1 
of Mangochi Districts. 
 




2.3 Data  
The study used secondary data of Usipa landings by artisanal fisheries on Lake 
Malawi in Mangochi District. The data was univariate time series of total fish 
catches of Usipa from 1976 to 2012 collected from the Department of Fisheries in 
Malawi. The unit of measurement of the data was metric tonnes and refers to the 
weight of fish at the time it was landed.  The descriptive statistics characteristics of 
the data are mean of 4841 tons, standard deviation of 6310.34 tons, range of 42.13 to 
2399 tons and, first and third quantile of 562.3tons and 5158tons respectively. The 
artisanal fishery in the area is more complex than the rest of the lake as it has high 
number of fishers, fishing gears and crafts. The part of Lake Malawi in the district is 
the most productive area of the lake.  
R software version 3.6.0 (2019 – 04 – 26) was used in this study in which modelling 
technique, Holt‟s exponential smoothing method was employed to model and 
forecast the data  Holt‟s exponential smoothing method is very useful when 
forecasting data which is stationary and has no non-zero lags (Coghlan, 2015). As 
such it fitted very well the data of Usipa yield which had no significant lags on their 
correlogram. The study took the following steps to forecast using Holt‟s exponential 
smoothing model namely estimating parameters, model validation   and forecasting 
within the time series and the future. 
2.4 Estimating parameters  
The study used Holt‟s exponential smoothing modelling process to estimate the 
level and slope at the current time point of Usipa data according to Coghlan (2015). 
Smoothing was later on done by estimating the level at the current time point 
denoted by α (alpha) as shown in model (1) and estimating the slope b of the trend 
component at the current time point denoted by β (beta) as shown in model (2)   
2.5 Model validation 
The study tested the trustworthy of the developed model by using a Ljung-Box test. 
With the Ljung-Box, the study passed models with p-values of  > 0.05. The study 
also tested the trustworthy of the developed model by checking that the forecast 
errors were normally distributed with a mean of zero and had constant variance over 
time. This was done by making a time plot of forecast errors, and a histogram of the 
distribution of forecast errors with an overlaid normal curve according to Coghlan 
(2015). The developed model with its forecast errors that are normally distributed 
with a mean of zero and a constant variance was passed for being making accurate 
forecasts.  
 




Once alpha and beta were estimated, then the original time series was plotted 
together with the forecasted values (fish landings) at a time point in different colours 
to be easily traced  This was aimed at checking to what extent the fitted Holt‟s 
exponential smoothing model best fitted the original time series. This was done by 
ensuring that the forecasted trend was responding positively to the trend of the 
original time series data (close enough to the original trend) of the species.  Once the 
results were satisfying for a best fit of the Holt‟s exponential model, the model was 
used to forecast short term in the future.   
2.6 Forecasting for future catches 
The parameters generated during parameter estimation stage were used to get the 
forecasted value (Ft + m). The Holt‟s exponential smoothing method was 
represented by a set of models as follows: 
Level:  Lt = αYt + (1 - α) (Lt - 1 + bt - 1)   (1) 
Trend:  bt = β(Lt - Lt – 1) + (1 - β) bt – 1    (2) 
Forecast: Ft + m = Lt + bt m      (3) 
Where: 
Ft + m  represents the forecast m periods ahead 
Lt  denotes an estimate of the level of the series at time t  
bt  is an estimate of the slope of the series at time t. 
The first model (1) directly adjusted Lt for the last smoothed value (Lt– 1) by adding 
it to the trend of the previous period (bt – 1). The second model (2) updated the trend, 
which is expressed as the linear difference between the last two smoothed values. 
3 RESULTS AND DISCUSSION  
3.1 Model identification 
3.1.1 Testing for trend in the time series 
Graphical analysis method of the Usipa, Usipa plotted series showed that there was 
a general increase in landing of Usipa from the fishery especially from the years 
2005 to 2012 as shown in Figure 3 hence the series was visibly found not stationary 
and required transformation for modelling. The Mann Kendall test also showed that 
the Usipa original series had a significant trend (p-value of 0.0000) which 




necessitates differencing to detrend it as shown in Table 1. The Dickey-Fuller test 
also showed non-stationarity of the original Usipa series by providing a p-value of 
0.8456 (Table 1) which implied the series was indeed not stationary.  The 
transformation was made by differencing the series in order to be able to model and 
forecast.  
 
Figure 3: Annual fish catches between 1976 and 2012 for Usipa. 
 
Table 1: Mann Kendall test for trend and Dickey-Fuller test for stationarity on time 
series of annual catches of Usipa. 
  Mann Kendall test  Dickey-Fuller test 
Usipa time series  Tau() 
statistic 
p-value  Dickey-Fuller 
statistic 
p-value 
Original series  0.6370 0.0000  -1.3016 0.8456 
After differencing  0.1620 0.1689  -7.327 0.0000 
   
3.1.2 Removing the Trend 
The Dickey-Fuller test results in Table 2 showed that the differenced series had a p-
value of 0.0000 resulting into failure to reject the alternative hypothesis of the 
differenced series being stationary. The Mann Kendall test on the differenced series 




showed that the series did not have a trend by giving a p-value of 0.1689 as shown 
in Table 1. Graphical analysis of the differenced Usipa plotted series (Figure 4) 
showed that the series was stationary and ready for modelling. 
 
Figure 4: Annual fish catches between 1976 and 2012 for usipa. 
The autocorrelogram and partial autocorrelogram were carried out on the difference 
series. However, the autocorrelogram and partial autocorrelogram plotted both 
showed that the new Usipa series did not have non- zero lags as shown in Figure 5 
and 6 respectively hence its values were not autocorrelating nor partially 
autocorrelating with each other. The ACF non-zero lag at zero (0) was disregarded 
as it was correlating with itself.  





Figure 5: Autocorrelation functions (ACF) for usipa. Dashed horizontal lines are 
the limits of 95% Confidence Interval. 





Figure 6: Partial autocorrelation functions (PACF) for usipa. 
The absence of non-zero lags in both autocorrelogram and partial autocorrelogram 
indicated that it was not possible to find order of autoregressive (AR) model and 
order of moving average (MA) model on the differenced series. This meant that AR, 
MA, ARMA and ARIMA modelling were not suitable for the original Usipa 
artisanal fishery catches time series from Lake Malawi in Mangochi District. As 
such, Holt‟ exponential smoothing model was suggested to be used to model and 
forecast the Usipa landings series from artisanal fishery of Lake Malawi in 
Mangochi District. The Holt winters model that fitted very well the Usipa landing 
series from artisanal fishery of Lake Malawi in Mangochi District was Holt‟s 
exponential smoothing model as the series could be described by an additive model, 
had a trend with no seasonality.  
3.2 Determining the correct Holt Winters Smoothing Models for Usipa 
The Holt‟s exponential smoothing model with the parameters and coefficients as 
shown in the Table 2 was developed and used to successfully forecast the future 
artisanal fishers‟ landings of Usipa in Lake Malawi in Mangochi District shown in 
Table 6 and Figure 9.  
 




Table 2: Parameters and coefficients of developed Holt’s exponential smoothing 
model generated from annual Usipa catches  
 Smoothing parameters Coefficients  
Alpha 0.8036248  
Beta FALSE  
A  22849.4 
   
ME 786.5682  
RMSE 1102.998  
MAPE 105.8794  
MAE 2218.943  
The smoothing parameter, α (alpha) for Usipa series was found to be 0.8036 while 
the trend component β (beta) was assumed to be false at the current time point where 
as a was found to be 22849.4. 
3.3 Validity of the Models 
The fitted model made forecasts that were very close to the actual values. The 
plotted forecast errors correlogram of Usipa showed no significant lags hence the 
errors were not significantly autocorrelating as shown by a p-value of 0.9586 and x-
squared of 10.482 in Table 3 from the Box-Ljung test. The time plot of residual 
errors showed that the errors have a mean of zero with constant variance over time 
as shown in Figure 7 which meant that the model had successfully extracted the 
trend in the landings from Usipa fishery among artisanal fishers of Lake Malawi in 
Mangochi District. 





Figure 7: Plot of residual errors of usipa forecasts. 
 
Table 3: Box-Ljung test of usipa forecast errors of the developed holt’s exponential 
smoothing models generated 
Fish species X-square Df P-value 
Usipa 10.482 20 0.9586 
p-value < 0.05 is significantly different. 
The histogram of the forecasted errors showed a mean of zero, constant variance 
over time and normally distributed as shown in Figure 8  This implies that Holt‟s 
exponential smoothing method provided an adequate forecast model for Usipa 
catches of Lake Malawi artisanal fisheries in Mangochi District, which probably 
cannot be improved upon. This indicated that the assumptions of 95% predictions 
intervals were based upon, are probably valid. The generated model also displayed 
good precision as shown by the lower values of forecast error measuring indicators; 
ME, RMSE, MAPE and MAE in Table 4 hence the forecast from this model can be 
trusted. The forecasted and actual values were close implying that the forecasted 
errors were very low. This meant that the model is a good model according to Shitan 




et al. (2008). Czerwinski et al. (2007), Singini et al. (2012) and  Lazaro & Jere 
(2013) argued that a good model should have a low forecasting error implying that 
the distance between the forecasted and actual values should be low depicting that 
the developed model have a good forecasting power. 
 
 
Figure 8: Histogram plot of residual errors of engraulicypris sardella (usipa) 
forecasts. 
3.4 Forecasting 
The forecast for artisanal landings of Usipa, from Lake Malawi in Mangochi 
showed a mean of 22,849.4 tonnes and that in the year 2022 the fishery will be 
22,849.4 tonnes which is 2,135.76 tonnes more than the landings in the year 2010 of 
20,713.64 tonnes as shown in Table 4. These forecasted results compare very well 
with what DoF (1999) management reports which indicated that Usipa stock is well-
managed. The Usipa is also known to breed throughout the year and have generally 
long breeding periods and different stocks adapt to different optimum temperatures 
for breeding (Morioka & Kaunda 2004).  
 
 




Table 4: Ten-year forecasts for annual catches in metric tonnes of Usipa using Holt-
Winters Smoothing models. 
Year Mean 95 % CI 
 2013 22849.4 (16934.07, 28764.72) 
 2014 22849.4 (15260.67, 30438.12) 
 2015 22849.4 (13894.71, 31804.08) 
 2016 22849.4 (12711.15, 32987.64) 
 2017 22849.4 (11652.00, 34046.79) 
 2018 22849.4 (10684.72, 35014.07) 
 2019 22849.4 (9788.88, 35909.91) 
 2020 22849.4 (8950.666, 36748.13) 
 2021 22849.4 (8160.204, 37538.59) 
 2022 22849.4 (7410.159, 38288.63) 
 
 
Figure 9: Ten-year forecasts for annual catches in metric tonnes of Usipa using 
Holt-Winters Smoothing models 
This could be as a result of what Thompson, 1996 reported that Usipa, Usipa had a 
lower mortality of larvae which coincides with the windy mixed period when 
primary and secondary production were at a maximum, and correlated with an 
increased food supply at this time. These same windy season causes strong waves on 




the Lake Malawi which limit fishers‟ entry to exploit the Usipa during their 
breeding season unlike the other fish species which are more vulnerable during their 
breeding season. Usipa has a high reproductive output but with a high natural 
mortality rate outside the windy mixing period (Thompson & Allison, 1997). 
The populations of Usipa fluctuate due to their adaptation to feed low in the trophic 
level (phytoplankton and zooplankton) hence are heavily influenced by 
environmental conditions which influence as well their food availability and have 
short vital cycle (Marshall 1987). The population of Usipa fluctuates even in the 
absence of fishing as their recruitment and feeding is affected by short-term 
environment changes (Maguza-Tembo & Palsson, 2004). The fluctuation behaviour 
of the population of Usipa makes inclusion of its forecasted catches very useful in 
its fishery management. The trend forecasted for Usipa catches in this study is not 
surprising as Marshall (1987) reported that the species are r-selected species; fast-
growing with short life-spans and high rates of reproduction.  
The current fisheries management though crafted towards management of 
Oreochromis species (Chambo) may be working for the sustainable exploitation of 
the Usipa fishery, implying the fisheries management are successfully managing the 
commons in as far as this fishery is concerned. The confidence interval of 95% as 
shown in Table 6 did not include a zero meaning that the likelihood that Usipa 
fishery might be collapsing currently or anytime soon might be very low. However, 
the years of high abundance may be immediately followed by years of low 
abundance of Usipa landings as the survival of the species larvae may be influenced 
by density-dependent effects (Thompson 1996).  For years, Usipa was not managed 
until in 2018 when Usipa Management Strategy for Southeast and Southwest Arms 
of Lake Malawi and Lake Malombe was developed by the USAID/FISH Project. 
Usipa from the rest of the Lake Malawi still remain unmanaged (FISH, 2018). 
However, like the Chambo Restoration Strategic Plan whose existence is not 
stopping decline of Chambo species, if not properly implemented and enforced, 
Usipa will still remain unmanaged even in Southeast and Southwest Arms of Lake 
Malawi and Lake Malombe.  
The increase of Usipa forecasted catches as shown in Figure 9, could be also as a 
result of decline in population of competing species in the ecosystem. For instance, 
the decline of predators or food competitors of Usipa will directly lead to an 
increase in the population of the species in this fishery. This scenario if not properly 
controlled may lead to trophic cascade. However, at every point the fishery 
ecosystem must be balance hence the increase of this species will affect the 
ecosystem of other species as well hence causing some to even decline more in 
population especially their food competitors. This scenario on the other hand might 
boost the declined stocks of predators of Usipa, as the increase in population of 




Usipa will mean increase in food for the predators such as Rhamphochromis 
(Ncheni) species.  
Although previous fisheries management system aimed at managing Chambo on 
Lake Malawi seem to be effectively and sustainably managing the exploitation of 
the fishery, a fisheries management plan in place for Southeast and Southwest Arms 
of Lake Malawi and Lake Malombe will ensure continued sustainable exploitation 
of the fishery in the area. The implementation of the strategy should take advantage 
of the management instruments in place such as devolution of management of 
natural resources such as the decentralized fisheries management approach. This is 
being operationalized as Participatory Fisheries Management (PFM) (FISH 2018). 
There is a need to reduce climate change (erratic rainfall and wind patterns) impacts, 
habitat destruction such as removal of submerged aquatic vegetation (SAV) and 
changes in water quality among others. Further research must be done to assess size 
of the Usipa stock in this fishery to make sure that the fishery is not under exploited. 
The important management parameters should be generated such as maximum 
sustainable yield, maximum economic yield among others for the whole Lake 
Malawi to sufficiently equip the policy makers to take the best options in employing 
ecosystem approach to managing the fishery. 
4 CONCLUSIONS 
The artisanal fishery landings of Usipa from Lake Malawi in Mangochi district may 
increase by the year 2022 to 22849.4 tonnes, slightly above the landings in the year 
2010, which was at 20713.64 tonnes. The current fisheries management system on 
Lake Malawi in the case of this species shows that may be effectively and 
sustainably exploiting the fishery. There is a need however to adequately monitor 
and control the exploitation levels of the fishery by employing a logical participatory 
approach which should be sufficiently policed to limit effort. 
5  REFERENCES 
Berachi, I.G. (2003). Bioeconomic Analysis of Artisanal Marine Fisheries of 
Tanzania (Mainland). MSc. Thesis. Department of Economics. Norwegian 
College of Fishery Science. University of Tromsø.  Norway. 
Bordalo-Machado, P. (2006). Fishing Effort Analysis and Its Potential to Evaluate 
Stock Size. Journal Reviews in Fisheries Science 14(4): 369-393. 
DOI: 10.1080/10641260600893766.  
Brown, R.G. (1959). Statistical Forecasting for Inventory Control. McGraw-Hill: 
New York.  




Brown, R.G. (1962). Smoothing, Forecasting and Prediction of Discrete Time 
Series. Prentice-Hall: New Jersey. 
Christophe, B. & Damien, G. (2014). Baseline Report Malawi. SmartFish 
Programme of the Indian Ocean Commission, Fisheries Management FAO 
component. Ebene, Mauritius. 29. 
Coghlan, A. (2015). A Little Book of R for Time Series. Release 0.2. Cambridge, 
U.K. 1-75. Available: https://media.readthedocs.org/pdf/a-little-book-of-r-for-
timeseries/latest/a-little-book-of-r-for-time-series.pdf. Accessed on: 
20/07/2015. 
Coro, G., Large, S., Magliozzi, C. & Pagano, P. (2016). Analysing and Forecasting 
Fisheries Time Series: Purse Seine in Indian Ocean as a Case Study. ICES 
Journal of Marine Science 73(10): 2552–2571.  
Craine, M. (2005). Modelling Western Australian Fisheries with Techniques of 
Time Series Analysis: Examining Data From a Different Perspective.  
Department of Fisheries Research Division, Western Australian Marine 
Research Laboratories, Western Australia 6920. FRDC Project No. 1999/155. 
Czerwinski, I.A., Guti ´errez-Estrada, J.C. & Hernando-Casal, J.A. (2007). Short-
Term Forecasting Of Halibut CPUE: Linear and Non-Linear Univariate 
Approaches. Fisheries Research 86:120–128. DOI: 
10.1016/j.fishres.2007.05.006.  
Department of Fisheries (DoF). (1999). Fish Stocks and Fisheries of Malawian 
Waters; Resource Report 1999. Fisheries Department. Fisheries Bulletin No. 
39. Lilongwe. Malawi. 53. 
Eccles, D.H. (1992). FAO Species Identification Sheets for Fishery Purposes. Field 
Guide to the Freshwater Fishes of Tanzania. FAO: UN, Rome. Italy. 
al-Salam, A. & Mustafa, N.M. (2013). A Time Series Analysis for Fish Production 
and Fish Supply in Sudan. Journal of Science and Technology 14 (1): 44-55. 
Fisheries Integration of Society and Habitats (FISH), (2018). Usipa Management 
Strategy for Southeast and Southwest Arms of Lake Malawi and Lake 
Malombe. USAID/FISH Project, Pact Publication, Lilongwe, Malawi: 11.  
Fomby, T.B. (2008). Exponential Smoothing Models. Southern Methodist 
University, Dallas. Texas. United States of America. 




Food and Agriculture Organisation (FAO) (1993). Fisheries Management in South-
east of Lake Malawi, the Upper Shire River and Lake Malombe with 
Particular Reference to Chambo (Oreochromis spp.) CIFA Technical Paper. 
No: 21. Rome. Italy.  
Food and Agriculture Organization (FAO) (2010). Fisheries and Aquaculture 
Department, Summary tables of Fishery Statistics:  Food Balance Sheet Of 
Fish and Fishery Products in Live Weight and Fish Contribution to Protein 
Supply. Available: 
http://www.fao.org/tempref/FI/STAT/summary/summ_11/FBS_bycontinent.p
df. Accessed on: 5/20/2020 
Gooijer, J.G. & Hyndman, R.J.  (2006). 25 Years of Time Series Forecasting. 
International Journal of Forecasting 22(3): 443‐473. 
Government of Malawi (GoM) (2012). Annual Frame Survey 2012. Fisheries 
Department, Lilongwe, Malawi. 
Hanke, J. E. & Reitsch, A.G. (1998). Business Forecasting (6
th
 Ed). Upper Saddle 
River, NJ: Prentice Hall. 
Holt, C.C., Modiglian, F., Muth, J.F. &  Simon, H.A. (1960). Planning Production, 
Inventories, and Work Force, Prentice Hall: Englewood Cliffs, New Jersey. 
Kahforoushan, E.,  Zarif, M. & Mashahir, E.B. (2010). Prediction of Added Value of 
Agricultural Subsections Using Artificial Neural Networks: Box-Jenkins and 
Holt-Winters Methods. Journal of Development and Agricultural Economics 
2(4): 115-121. 
Kisang-Ryu, B.S. (2002). The Evaluation of Forecasting Methods at an Institutional 
Foodservice Dining Facility. MSc. Thesis. Restaurant, Hotel, and Institutional 
Management. Texas Tech University.  
Lazaro, M. & Jere, W.W.L. (2013). The Status of the Commercial Chambo 
(Oreochromis Species) Fishery in Malawi: A Time Series Approach. 
International Journal of Science and Technology 3(6):322-327. 
Maguza-Tembo, F. & Palsson, O.K. (2004). Population parameters and exploitation 
rate of Usipa and Rhamphochromis species in southern Lake Malawi: Case of 
light attraction fishery. The United Nations University. 120 Reykjavik, 
Iceland.   




Marshall, B.E. (1987). Growth and Mortality of the Introduced Lake Tanganyika 
Clupeid Limnothrissa miodon, in Lake Kariba. Journal of Fish Biology 32: 
515-524. 
Maunder, M.N., Sibert, J.R., Fonteneau, A., Hampton, J., Kleiber, P. & Harley, S.J. 
(2006). Interpreting Catch Per Unit Effort Data to Assess the Status of 
Individual Stocks And Communities. ICES Journal of Marine Science 63(8): 
1373-1385. DOI: 10.1016/j.icesjms.2006.05.008. 
Morioka, S. & Kaunda, E. (2004). Preliminary Examination of the Growth of 
Mpasa, Opsaridium microlepis (Günther, 1864) (Teleostomi: Cyprinidae), 
Younger than One-year-old, Collected from Lake Malawi. African Zoology 39 
(1): 13-18. 
Raman, R. K., Mohanty, S. K., Bhatta, K. S., Karna, S. K., Sahoo, A. K., Mohanty, 
B. P.  & Das, B. K.  (2018). Time Series Forecasting Model for Fisheries in 
Chilika Lagoon (a Ramsar site, 1981), Odisha, India: a Case Study. Wetlands 
Ecology and Management 26: 677–687.  
Ryan, K.L. & Meyer, D. (2019). Predicting catch per unit Effort from a Multispecies 
Commercial Fishery in Port Phillip Bay, Australia. Marine and Freshwater 
Research 71(4) 542-556. DOI: 10.1071/MF18286.  
Shitan, M., Wee, P.M.J., Chin, L.Y. &  Siew, L.Y. (2008). Arima and integrated 
Arfima Models for Forecasting Annual Demersal and Peragic Marine Fish 
Production in Malaysia. Malaysian Journal of Mathematical Sciences 2 (2): 
41-54. 
Singini, W., Kaunda, K., Kasulo, V. & Jere, W. (2012).   Modelling and Forecasting 
Small Haplochromine Species (Kambuzi) Production in Malawi – A 
Stochastic Model Approach. International Journal of Scientific & Technology 
Research 1(9). 
Taylor, W. J. (2008). An Evaluation of Methods for Very Short-Term Load 
Forecasting Using Minute-by-Minute British Data. International Journal of 
Forecasting 24: 645-658. 
Thompson, A.B. (1996). Early Life History of Usipa (Cyprinidae) in Lake 
Malombe, with Particular Reference to the Fisheries on Chambo 
(Oreochromis spp.). CIFA Technical Paper 21, 13. 




Thompson, A.B., Allison, E.H. & Ngatunga, B.P. (1996). Distribution and Breeding 
Biology of Offshore Pelagic Cyprinids and Catfish in Lake Malawi/Niassa. 
Environmental Biology of Fishes 47: 27-42. DOI: 10.1007/BF00002377. 
Thompson, T.B. & Allison, E.H. (1997). Potential yield estimates of unexploited 
pelagic fish stocks in Lake Malawi. Fisheries Management and Ecology 4: 31-
48. DOI: 10.1046/j.1365-2400.1997.00103.x. 
Tolimieri, N., Holmes, E.E., Williams, G.D., Pacunski, R. & Lowry, D. (2017). 
Population Assessment Using Multivariate Time‐Series Analysis: A Case 
Study of Rockfishes in Puget Sound. Ecology and Evolution 7(8): 2846–2860.  
DIO: 10.1002%2Fece3.2901. 
Torell, E.C., Jamua, D.M., Kanyerere, G.Z., Chiwaula, L., Nagolid, J., Kambewa, 
P., Brooks, A. & Freeman, P. (2020). Assessing the Economic Impacts of 
Post-Harvest Fisheries Losses in Malawi. World Development Perspectives. 
DIO: 10.1016/j.wdp.2020.100224. 
Turner, G.F. (2004). University of Hull. Lake Malawi non-cichlid fish (May, 2015). 
Available: http://www.hull.ac.uk/cichlids/Fish_Non-Cichlids.htm. Accessed 
on: 5/20/2020 
Yaron, G., Mangani, R., Mlava, J., Kambewa, P., Makungwa, P., Mtethiwa, A. 
Munthali, S., Mgoola, W. & Kazembe, J. (2010). Economic valuation of 
Sustainable Natural Resource Use in Malawi. Ministry of Finance and 
Development Planning.  
Yugui, Z.H.U., Hongbing, L.V. & Jiansong, C.H.U. (2016). Prediction of global sea 
cucumber capture production based on the exponential smoothing and ARIMA 
models. Iranian Journal of Fisheries Sciences 15(3): 1089-1107. 
 
 
